Abstract. This paper presents a new reconstruction of the 20th century global hydrography using fully coupled water balance and transport model in a flexible modeling framework. The modeling framework allows a high level of configurability both in terms of input forcings and model structure. Spatial and temporal trends in hydrological cycle components are assessed under "pre-industrial" conditions (without modern-day human activities) and contemporary conditions (incorporating the effects of irrigation and reservoir operations). The two sets of simulations allow the isolation of the trends arising from variations in the climate input driver alone and from human interventions. The sensitivity of the results to variations in input data was tested by using three global gridded datasets of precipitation.
Introduction
Humans have greatly altered the hydrological cycle over the last century. Global water withdrawal has increased by 700% during the last century (Ghassemi and White, 2007) and is expected to further rise as the world's population continues growing. Such alterations affect the magnitude and the timing of runoff and river flow, and have been amply documented. These impacts include the abstraction of water for irrigation and the distortions of discharge imposed by reservoirs altering the temporal pattern of river discharge (Bouwer et al., 2006; Haddeland et al., 2006b; Shibuo et al., 2007) , and the impacts of increased evapotranspiration due to land cover changes that could potentially affect local climate. Furthermore, changes in observed streamflow over the last century and model simulations show coherent trends (increases in Eastern Africa and high-latitude regions and decreases in Southern Africa, Southern Europe and the Middle East) in the availability of freshwater predicted in a changing climate (Milly et al., 2005) .
The abstraction of water for irrigation purposes lowers the volume of water entering rivers but has also been shown to impact the seasonality of river flow by increasing winter river discharge should water returning from irrigated areas become runoff (Kendy and Bredehoeft, 2006) . Such alterations in the hydrological cycle do not only impact the spatial and temporal distribution of runoff but have direct and indirect effects on the bio-geophysical state of water resources and thereby on the sustainability of water resources.
The changes in the apparent aging of water on river systems as a result of reservoir impoundments, greatly affect the re-aeration capacity of the river, which in turn, determines the ability of the water to decompose organic matter. Reservoirs impact the sediment retention of major rivers , the emission of trace gas (Galy-Lacaux et al., 1999; Soumis et al., 2004; St. Louis et al., 2000) and the cycling of nutrients (Seitzinger et al., 2002) . The global water cycle is therefore not affected by the changes in the weather and climate system alone but also by additional sources of human interventions (Vörösmarty, 2002) , the most notable of which at the scale this study is concerned with are increased evapotranspiration due to expansion of irrigated areas and the distortion of streamflow by large impoundments (Vörösmarty and Sahagian, 2000) .
The purpose of this paper is to analyze trends in components of the global hydrological cycle over the 20th century and to investigate the contribution of human interventions to changes in those components. We use a water balance modeling approach that explicitly accounts for such interventions when forced by time series of observed climate data.
After a brief description of the model and data we present a validation of the model and discuss the sensitivity of our simulations to variations in input data sets. The validation of the model is aimed at demonstrating the model's capability to reproduce observed discharge and the impact of irrigation water abstractions.
Time series of modeled discharge (under natural and disturbed conditions) entering the oceans and internally draining basins are discussed. We illustrate the impacts of time varying irrigated areas and reservoirs for a set of representative river basins.
Methods

The WBM plus Model
To simulate components of the hydrological cycle, we used WBM plus , an extension of a grid based water balance and transport algorithm (Federer et al., 2003; Rawlins et al., 2003; Vörösmarty et al., 1998) . WBM plus is a fully coupled water balance and transport model that simulates the vertical water exchange between the land surface and the atmosphere and the horizontal water transport along a prescribed river network. It is implemented in the recently developed modeling Framework for Aquatic Modeling in the Earth System (FrAMES; Wollheim et al., 2008) which was designed to enable applications of coupled hydrological/biogeochemical models at scales ranging from local (grid cell size in the range of a few hundred meters) to continental and global (grid cell size ranging from 6 min to 30 min), operating at a daily time step. Modeling frameworks have been designed to increase the inter-operability and portability of software among developers, and to increase the efficiency of software development through a set of shared software systems, standards, and utilities, and the use of such frameworks have recently received considerable attention for hydrological models as well as for more complex Earth system and climate models (Dickonson et al., 2002; Wollheim et al., 2008) . Besides the structural changes compared to the previous versions of WBM/WTM (Vörösmarty et al., 1998) , the most important new elements in WBM plus are modules that explicitly account for the human activities such as irrigation water abstractions (Wisser et al., 2008) and reservoir operation directly affecting the water cycle processes.
Water balance calculations
The water balance calculations representing vertical water exchange between the atmosphere and the land surface are performed for rain-fed and irrigated areas separately. Each grid cell is partitioned into irrigated and non-irrigated parts and the water budget over the whole cell is computed as the area weighted average of the two parts.
Snowpack
WBM plus implements an improved snowpack simulation over previous versions. The snowpack is calculated uniformly over irrigated and non-irrigated areas. Precipitation is considered snow if the daily mean air temperature is below a snowfall threshold SF (set to −1 • C) and rain above that threshold. The snow accumulates during the snowing period without allowing sublimation. During the melting periods when snow is on the ground and the temperature is above a snowmelt threshold (1 • C), the snowmelt 
This relationship was derived from 113 daily observations representing three dissimilar drainage basins around the globe.
Soil moisture balance
The daily soil moisture budget for the non-irrigated part of the grid cell is given by the original WBM/WTM formulation:
where g(W c ) is a unitless soil, given by 
Irrigation water demand
The irrigation water demand in the irrigated fraction of the grid cell is computed for individual crops, distributed globally using global data sets of croplands and aggregated crop types (see Sect. 3.2). The approach implemented in WBM plus to estimate crop evapotranspiration for irrigated crops is the crop coefficient method described in FAO's Irrigation and Drainage Paper 56 (Allen et al., 1998) that is widely used to estimate crop water demand at the field scale but was also used at regional (e.g. de Rosnay et al., 2003) and global scale applications (e.g. Döll and Siebert, 2002 
To determine the onset of the growing season we used agrometeorological conditions (Groten and Ocatre, 2002) based on temperature and precipitation. In the temperate zone, we used a simple temperature threshold and assumed that the growing season starts when the mean monthly air temperature is above 5 • C that is frequently used to define the onset of the growing season (Linderholm et al., 2008; Menzel et al., 2003) . In regions where crop growth is not limited by temperature we assumed that the growing season starts in the month before the maximum monthly rainfall occurs. If multiple cropping is possible, the second season is assumed to start 150 days after the first one.
Runoff retention pool
The excess water X r [mm d −1 ] from the vertical water budget (i.e. the sum of the water surplus that is left after evapotranspiration and soil recharge over rain-fed areas and return flows from irrigated areas) are partially (γ X r ) released to the nearby river directly or diverted into the groundwater (1-γ X r ) which is represented as a simple runoff retention pool that delays runoff before it enters the river channel and is described as
The river runoff becomes
where
] is the runoff from the grid cell, β is an empirical parameter that controls the outflow from the runoff pool and γ determines the fraction of excess rainfall that fills the pools or becomes runoff instantaneously. The parameter β has units of 1/T and has been set to 0.0167, γ is set to 0.5. It is important to note that WBM plus , like most global water balance models does not account for the dynamics of horizontal groundwater flow or deep groundwater.
Horizontal water transport
The horizontal water transport in WBM plus is only allowed through river systems. FrAMES offers the basic skeleton for flow routing along gridded river networks that propagates water downstream where the actual flow simulation can be carried out by different methods (Döll and Lehner, 2002; Oki and Sud, 1998; Vörösmarty et al., 2000b) . For the present study, we applied a Muskingum-Cunge type solution (Ponce, 1994) of the Saint-Venant flow equations that estimates the outflow Q t+1 j +1 [m 3 s −1 ] from one grid cell as a linear combination of the inflow Q t j and the outflow Q t j +1 from the previous time step and the inflow of the current time step Q t+1 j :
Unit-less coefficients C 0 , C 1 , and C 2 are parameterized based on riverbed geometry considerations. These coefficients can be expressed as a function of the cell Courant number C and cell Reynolds number D:
which are calculated as: 
where p is the exponent of the hydraulic radius according to the Chezy or Manning equations (1/2 or 2/3, respectively). The power function approximation to the riverbed geometry is consistent with empirical in situ discharge-depth and discharge-width relationships (Dingman, 2007 
and
where η, τ , ν, and φ are empirical constants (set to 0. 25, 0.40, 8.0, and 0.58, respectively; Knighton, 1998 ). In the current version of the model, the Muskingum-Cunge parameters C 0 , C 1 , and C 2 are constrained to positive values. If any of the coefficients is negative we set C 0 =1, C 1 =0, and C 2 =0 which is the equivalent of flow accumulation (i.e. routing at infinite flood-wave velocity).
Reservoirs
Our implementation of reservoir operations distinguishes two kinds of impoundments: (a) "large" reservoirs for river flow control that directly alter the discharge in river channels and (b) "small" reservoirs for local water management that act as an additional storage pool providing water resources for irrigation. Large river flow control reservoirs are represented explicitly by their position in the simulated river network and their impact on discharge is expressed via flow regulation functions that calculate the outflow at the reservoir location as a function of inflow and reservoir storage. Small water management reservoirs are expressed as lumped storage within grid cells that withhold some of the runoff generated on the non-irrigated portion and release it later to supply irrigation water demand.
Large reservoirs
Reservoir operation rules for large scale hydrological models have previously been derived for the main purpose of the reservoir (Haddeland et al., 2006b; Hanasaki et al., 2006 
where κ (set to 0.16) and λ (set to 0.6) are empirical constants that have been found by analyzing operational data from some 30 reservoirs globally. Neglecting evaporation from the reservoir surface, the storage S t [m 3 ] in the reservoir can then be described as
To test the sensitivity of our results with regard to the reservoir release model we performed additional simulations assuming that the release from the reservoir is always equal to the mean annual inflow (R t =I m ) which is the same release model that Hanasaki et al. (2006) used to determine the release from non-irrigation reservoirs.
Small reservoirs
The number of small reservoirs (not counting innumerable small farm ponds) globally could be as high as 800 000 (McCully, 1996) . However, given the storage distribution of dams (e.g. Graf, 1999) their combined storage capacity is significantly less than the total installed reservoir volume in large reservoirs. The small reservoirs still play a significant role in providing the water resources needed for irrigation. Small reservoirs intercept local runoff from the non-irrigated areas during the wet season and make it available for irrigation during the cropping period. The storage capacity of such runoff harvesting systems is typically computed with reference to the total irrigation requirement and the amount of runoff available for storage (Srivastava, 2001) . WBM plus estimates the total capacity of small reservoirs in each grid cell by accumulating the water required for irrigation and the available surface runoff over one year as
where µ is a collection factor that describes the fraction of the excess surface runoff that can actually be collected in the reservoirs, and γ X r and I gr are the model estimates of surface runoff (Eq. 6) and irrigation water demand (Eq. 4). The factor µ depends on a number of local characteristics including topography, land use, geology, and the temporal distribution of rainfall that are not known at the global scale. A design parameter for those systems is the ratio of the area that is needed to collect runoff to supply one unit of irrigated area.
For the present study, we assumed that this fraction must not be greater than 10 based on design recommendations and case studies from a number of regions (Critchley et al., 1991; Srivastava, 1996 Srivastava, , 2001 ). For simplicity, we assumed that small reservoirs in this study have a rectangular cross section and a constant depth of h=2 m which is a typical depth of small reservoirs, for example in the semi arid regions of India (Gunnell and Krishnamurthy, 2003; Mialhe et al., 2008) . Daily evaporation E[mmd −1 ] from small reservoirs is computed as E=σ ET 0 , where σ is an evaporation coefficient that has been set to 0.6 (Arnold and Stockle, 1991) .
Irrigation water uptake
The estimated irrigation water withdrawal requirement I gr [mm] can be met (in order) by (1) 
In cases where the demand cannot be met by any one of the three sources, water is still supplied at the required rate, by assuming abstractions will be from groundwater systems that are not hydrologically connected to the system (i.e. fossil groundwater resources).
Data
Climate data
Monthly atmospheric forcing data (mean air temperature and precipitation) for the period 1901 to 2002 was obtained from the CRU TS 2.1 data set (Mitchell and Jones, 2005) , which represents observed gridded climate data at a spatial resolution of 30 min (longitude×latitude) and has been widely used for continental and global scale hydrological modeling. This product is not corrected for the effects of errors in gaugebased measurement of precipitation. Significant spatial differences between this product and climate model output data are evident in regions where gauge under catch of solid precipitation and under-representation of precipitation at higher elevations introduce a significant bias on observations (Adam et al., 2006; Tian et al., 2007) . Correcting the observed precipitation data sets for those effects could increase the terrestrial precipitation by almost 12% (Adam et al., 2006) . The CRU precipitation data shows an increase in precipitation of 2% globally over the last century (Hulme et al., 1998) . Most of the increase in annual precipitation is seen in the northern latitudes, Eastern South America, and Central and Northern Australia. Significant declining trends are observed in Western Africa, Northern Africa, Western South America, and Southern East Asia.
To estimate how uncertainties in precipitation data sets translate to uncertainties in the simulated discharge we performed additional model runs with three well-established global precipitation data sets that are based on observations: (1) the GPCP 1 degree daily data set (Huffman et al. (2001) ; hereafter GPCP1dd) that uses a suite of satellite data to produce daily precipitation data at 60 min (1deg) spatial resolution, (2) the GPCC monitoring product ; hereafter GPCCmon) that interpolated monthly gauging station data at 1 and 2.5 degree spatial resolution, and (3) the VASClimO monthly data that is based on data from around 7000 synoptic stations interpolated to 0.5 degree resolution.
None of these products covers the entire 20th century, and the period covered varies from 1997-present for the GPCP1dd data set, 1986-present for the GPCC monitoring product, and 1951-2000 for the VASClimO data sets. These data sets differ with respect to the underlying data sources, the correction algorithms, the method of interpolation, as well as the spatial and temporal resolution. The gauge based GPCC and VasClimO are not corrected for systematic gauge measurement errors.
Considerable differences are therefore evident among those datasets with respect to the spatial and temporal distribution of precipitation on the terrestrial surface. For example, the mean annual precipitation ranges from 99 314 km 3 (or 732 mm) for the GPCPmon product to 108 134 km 3 (797 mm) for the GPCP1dd product. The respective values for the VASClimO data sets and the CRU data set are 105 428 km 3 (778 mm) and 106 461 km 3 (785 mm).
Generating daily precipitation
The non-linearities in system behavior in hydrological processes are particularly relevant with respect to precipitation and the use of monthly or daily precipitation data can lead to significant differences in modeled vertical fluxes (Federer et al., 2003; Vörösmarty et al., 1998) . Since the WBM plus model is operated at a daily step, a mechanism was needed to downscale the globally available time series of monthly precipitation inputs to daily values.
We tested two approaches. The first one employed a statistical "weather generator" to create daily rain events by modeling the sequence of wet and dry days within a month based on empirical relationships between monthly rainfall and the number of rainy days and distributing the monthly totals over the wet days such that the daily precipitation amounts follow a gamma distribution (Geng et al., 1986 ).
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The major disadvantage of the weather generator approach was that the spatial correlation of precipitation between neighboring grid cells is "lost" since the daily rain events were generated for each grid cell individually.
The second approach was distributing the monthly values using daily precipitation fractions derived from the GPCP1dd data set. We assumed that the differences in the distribution of daily rainfall between years are small and used the daily rainfall values for the year 2002 to rescale the monthly data for the entire CRU record.
We tested the difference between the two approaches and we found that the resulting differences in model predictions were small. As the second approach leads to a more realistic spatial pattern of precipitation we decided to use the daily fraction derived from the GPGP1dd product.
Agricultural data sets
To create time-varying data sets of irrigated areas for the last century, we used the University of Frankfurt/FAO Global Map of Irrigated Areas (Siebert et al., 2005a,b) that shows the "areas equipped for irrigation" around the year 2000 at a spatial resolution of 5 arc minutes (around 8 km at the equator) and is based on irrigation statistics from sub-national and national statistics and a variety of atlases and other sources. We rescaled the values in each grid cell on a country-by-country basis using the time series of irrigated areas per country recently compiled from national statistics by Freydank and Siebert (2008) , assuming that the changes in irrigated areas are uniform across each country.
Despite significant uncertainties (in particular for the first half of the last century), and the inability to map changes in the distribution of irrigated areas within a country, this data set adequately reflects the large-scale dynamics of the development of irrigated area over the last century, with an expansion of areas equipped for irrigation from just over 53 Mha in 1901 to 285 Mha in 2002. The four countries India, China, Pakistan, and the US contribute more than 50% of the total irrigated area for the entire period.
It is important to note that not all areas "equipped for irrigation" will actually be irrigated in any given year due to market, conditions, the availability of water, and other local conditions. As the actually irrigated areas are not known for most regions, we assumed that all areas equipped for irrigation were actually irrigated. To model the distribution of crops in irrigated areas, we used the dataset by Monfreda et al. (2008) that shows the distribution of 175 distinct crops across the world in the year 2000 at a spatial resolution of 5 arc minutes and has been derived by synthesizing satellitederived land cover data and national and international census data. Based on average values of k c and the length of the growing season, taken from Allen et al. (1998) , we aggregated the crops into 4 groups (perennial, vegetables, rice, others), determined average values, and assumed a constant distribution of crops in each irrigated grid cell over the entire simulation period. Irrigation efficiency data (i.e. the fraction of water actually used by the crop related to the water abstracted from sources) has been taken from the country averaged numbers provided by AQUSTAT (2008) and Döll and Siebert (2002) . Irrigation intensity (defined as the total area of harvested crops over the total irrigated area) was derived from AQUASTAT (2008) . Soil hydraulic properties to determine the soil moisture holding capacity in both, non-irrigated and irrigated fractions of the grid cell have been taken from the UNESCO/FAO soil map of the world (FAO/ UNESCO, 2003) .
All data sets have been regridded to 30 min resolution.
Hydrography data
River network
To link the terrestrial land mass to the oceans and to route the modeled runoff, we used the Simulated Topological Network (STN) of gridded rivers at 30-min spatial resolution (Vörösmarty et al., 2000a,b) that organizes the terrestrial land mass of the continents into 6192 river basins with catchment size ranging from 10 3 to 5.9×10 6 km 2 .
Reservoirs
River flow regulating ("large") reservoirs are represented as points along the simulated gridded network where WBM plus applies simple reservoir operation rules (Sect. 2.4) to simulate water release from the reservoir. Location and attributes of the existing reservoirs were taken from the global repository of registered impoundments (Vörösmarty et al., 1997 that reports reservoirs with a maximum storage capacity of more than 0.5 km 3 and contains 668 reservoirs from the International Commission on Large Dams (ICOLD) registry of dams (ICOLD, 1998 (ICOLD, , 2003 . The combined contemporary maximum capacity for those reservoirs was 4726 km 3 and represents 67% of the total volume of impoundments formed by dams with a height of more than 15 m. Reservoirs were co-registered to the STN-30 river network ensuring that reservoirs are located on main tributaries. Reservoirs sharing the same grid cell were collapsed into single reservoir with the sum of capacities of the individual reservoirs. The year of construction given in the ICOLD database was used to create a time-varying data set of reservoir capacities.
Model simulations
20th century simulations
Model simulations for the last century were performed for two different configurations. First, we computed the components of the hydrological cycle under natural conditions, i.e. the reservoir and the irrigation water modules were turned off. The second configuration simulated disturbed conditions using the time varying agricultural data sets described above to estimate irrigation water demand and water withdrawals plus the reservoir routing for any existing reservoirs. We did not account for the interactions of atmospheric CO 2 concentrations with the hydrological cycle through reduced transpiration per unit leaf and thus increasing runoff assuming total leaf area is unchanged (Betts et al., 2007) . Furthermore, we did not investigate the effects of land use changes (most notably deforestation) that have been shown to have significant impacts on the hydrological cycle (Gordon et al., 2005; Haddeland et al., 2007; Piao et al., 2007) and have been shown to increase runoff globally (Piao et al., 2007) at the same order of magnitude as the changes imposed by increased evapotranspiration in irrigated areas (Gordon et al., 2005) . We do not consider the contribution of thawing permafrost and melting of glaciers on continental runoff.
Daily potential evapotranspiration was computed using the Hamon relationship (Hamon, 1963) Oudin et al. (2005) who tested a set of 27 evapotranspiration functions over a large set of catchments around the globe and concluded that simple temperature dependent function produce the best results with regard to model efficiency and found no advantage in using more complex methods.
It is important to note that in keeping with earlier approaches (Federer et al., 2003; Vörösmarty et al., 1998 ) the model parameters in the WBM plus model were assigned a priori and not further calibrated to match observed discharge.
Sensitivity analysis
We used a Generalised Likelihood Uncertainty Estimation (GLUE, Beven and Binley, 1992; Freer et al., 1996) approach to test the impact of variations in the model parameters on predicted discharge. This approach is aimed at investigating prediction uncertainty and parameter sensitivity by randomly sampling the parameters within a predefined range and performing a large number of model simulations. Clearly, such an approach is not applicable at the global domain so it was applied for example river basins.
As the sensitivity of model parameters is correlated with hydroclimatic conditions (Demaria et al., 2007; van Werkhoven et al., 2008) we applied the method to the Danube river basin (station Cetail Izmail; A=788 000 km 2 ) and the Mississippi river basin (gauging station Vicksburg; A=2964252 km 2 ) for the period 1995 to 1999.
Results and discussion
Model validation
Previous versions of the WBM/WTM model were validated against discharge records in various geographical regions (e.g. conterminous US by Vörösmarty, 1998 ; Amazon by Vörösmarty, 1996 and globally by Fekete, 2002) . All previous studies showed that WBM/WTM had little bias (<4% on annual average observed runoff when applied to the conterminous US) over large domains while individual basins could have large discrepancies. For the present study we validated predicted monthly time series of simulated discharge against the same set of discharge gauges from the Global Runoff Data Centre (GRDC) that was used in previous work in developing UNH-GRDC Composite Runoff Fields (Fekete et al., 2002 (Fekete et al., , 1999 . The selected 663 stations monitor 52% of the continental land mass (excluding Antarctica) and 70% of the continental discharge to oceans (Fekete et al., 2002) . The period of observation varies greatly between stations with a peak in data availability in the 1980's. We further reduced the number of stations by including only those stations that have a minimum length of record of 10 years. The number of observation-months for the final selection of 660 stations ranges from 120 to 1224 (mean 541, median 477) months. Model performance was assessed using the Mean Bias Error (MBE), computed as the sum of the differences of predicted values P i minus observed values O i divided by the number of observations, the mean absolute error (MAE), computed as the sum of the absolute differences between P i and O i over the number of observations, and the Index of agreement d (Willmott, 1981) , given by:
that ranges from zero for a model that is not a better predictor than the mean observed value to 1.0 for a perfect model. Figure 1 shows the frequency distribution of the mean monthly bias and the d-statistics for the selected stations for model simulations under disturbed conditions from 1901-2002. Despite significant differences between simulated and observed discharge at some gauging stations, the low bias reaffirms our findings regarding WBM's low bias when applied over large spatial domains. Averaged for all stations, the average MBE of −1.2 mm month −1 indicates that the 8 D. Wisser et al.: Reconstructing 20th century global hydrography model on average underestimates discharge and this negative bias can partly be explained with biases arising from errors in the precipitation input fields due to gauge undercatch (Sect. 3.1.1). As the bias arising from uncertainties in the input data partly cancels out over large domains, the model performance generally increases with basin size (Fekete et al., 2002; Hunger and Döll, 2008) . In basins with one or more registered reservoirs (n=219), the model performance increases slightly when the model run is performed under disturbed conditions (d increase from 0.684 to 0.694) and the coefficient of variation (CV) of monthly discharge decreases from 1.2 under natural conditions to 1.1 under disturbed conditions (compared to an observed CV of 0.97). As the area under irrigation represents less than 1% of the catchment area for the majority of the basins, changes in model performance will not be seen for most basins but are significant individual river basins (Sect. 5.3.3).
The sensitivity analysis for model parameters revealed that discharge predictions are most sensitive to variations in the parameters γ that effectively separates runoff into a slow and a fast component, and SF that partitions precipitation to rainfall and snowfall, although the impact of variations in SF, β, and γ on annual values of predicted discharge is minimal.
We selected the 0.05 and 0.95 percentiles of the likelihood weighted discharge values at each time step based on the dstatistics using the GLUE approach. The resulting GLUE prediction bounds for the "best" 1000 out of 5000 simulations with varying parameters are shown in Fig. 2 .
On average, the range in discharge predictions represents 23% of the mean simulated discharge using the original parameters. To put these results into perspective, we also plotted the predicted discharge using three additional precipitation data sets. These variations are much larger than the parameter uncertainty and confirm the results of Biemans et. al. (2009) who compared the impact of precipitation uncertainty on simulated discharge on 294 river basins globally and found an average discharge uncertainty of 90%.
The results of the Mississippi river basin (data not shown) revealed a very similar pattern with regard to the range of uncertainty of parameters and input data and show that, although mostly ignored, uncertainty in discharge predictions on continental and global scales is governed by uncertainty in precipitation data sets (Biemans et al., 2009) .
Irrigation water withdrawal
The simulated amount of water that needs to be abstracted from groundwater, small reservoirs, and rivers globally based on the time-varying data set of irrigated areas described above increased from 590 km 3 a −1 in 1901 to 2997 km 3 a −1 for the year 2002.
The estimate of the contemporary withdrawal is consistent with previous estimates based on the same contemporary distribution of irrigated areas that range from 2200 km 3 a −1 to around 3000 km 3 a −1 (Döll and Siebert, 2002; Siebert and Döll, 2007; Vörösmarty et al., 2005) . By continents, most of the withdrawal is estimated for Asia (∼83%), home to most of the worlds rice paddies and multiple cropping (Maclean et al., 2002) . Irrigation water withdrawal in North America (∼6% of the total) increased sharply between 1940 and 1950 (Fig. 3) . With the exception of Europe (∼3% of the global withdrawal), all continents show a steady upward trend over the last 100 years in irrigation water use reflecting the expansion of irrigated areas (Sect. 3.2).
As the withdrawal of water for irrigation will have different impacts on components of the hydrological cycle, as well as biogeochemical fluxes, depending on the source where it is taken from, it is important to know if the water is supplied by groundwater or surface water. Although some estimates exists on the global scale, a detailed, consistent inventory of this information is lacking . The fraction of irrigation that is supplied by groundwater varies greatly within regions. US agriculture, for example, relies on 65% groundwater (Pimentel et al., 2004) , while groundwater is supplying an estimated 50% to 60% in India (Singh and Singh, 2002; Thenkabail et al., 2006) , and 40% in China (Thenkabail et al., 2006) . Foster and Chilton (2003) compiled data on irrigation water use for selected countries and concluded that the contribution of groundwater to irrigation water abstractions is approaching 30% globally.
The WBM plus computed estimates for the contribution of discharge from rivers and the runoff detention pool D r are 10% and 17%, respectively and 33% being supplied from locally stored runoff in small reservoirs ( Table 1) . As noted earlier, cases can occur where the demand cannot be met by either locally produced runoff or river corridor discharge, representing the mining of fossil groundwater. Our estimates of the volume of water that has to be abstracted from those non-renewable sources increased from 220 km 3 a −1 in 1901 to 1200 km 3 a −1 under contemporary conditions, representing 40% of the estimated global agricultural water withdrawal. While this estimate is consistent with earlier estimates of the unsustainable water use (Rost et al., 2008; Vörösmarty et al., 2005) , it may represent an overestimation as WBM plus does not represent the dynamics of large groundwater systems from which water can be withdrawn in areas far away from the areas where the system is recharged. This lack of an adequate representation of deeper groundwater is a key shortcoming of current macroscale hydrology models (Lettenmaier, 2001) . Over the last century, the total accumulated volume of non-renewable water abstractions is 55 639 km 3 a −1 , representing about half of the total precipitation reaching the Earth's surface in one year. The total water withdrawn from non-renewable water resources represents only about 0.2% the volume of water currently stored in all groundwater stocks, estimated to be 23×10 6 km 3 .
Spatial trends in hydrological components
To assess spatial patterns of trends in predicted components of the hydrological cycle over the last century, we computed trends of the predicted annual values of evapotranspiration and runoff for each grid cell under natural and disturbed conditions. Under natural conditions, the spatial distribution of the trend in simulated evapotranspiration over the last century reflects the variations in the temperature and precipitation drivers (Fig. 4) . As the temperature shows an upward trend for almost all regions, the trends in evapotranspiration for individual continents are dominated by increases or decreases in available water and hence by the increases or decreases in the precipitation data. Increases in evapotranspiration are seen in the mid to high latitude regions, Central Southern Africa, Eastern South America, and Central Australia.
Under disturbed conditions, the expansion of irrigated areas over the last century has significantly increased evapotranspiration in Eastern China, the India, Central America, and Central Asia. Negative trends in predicted evapotranspiration reflect the changes in precipitation and can be seen in Western and Central Africa, Western South America, and parts of South East China.
Predicted changes in evapotranspiration and trends in the precipitation input data result in increases in the predicted natural runoff (precipitation -evapotranspiration) in the high latitude regions, Eastern South America, Northern Australia, and mid-latitude North America and runoff decreases in Western Africa, Argentina, Eastern China, and parts of Central Asia (Fig. 5) . The general pattern of the spatial distribution of runoff trends is consistent with the global distribution of significant trends in observed discharge for the period 1971-1998 compared to 1901 to 1970 (Milly et al., 2005; Milliman et al., 2008) and observed increases in North America (e.g. Qian et al., 2007) . Changes in evapotranspiration imposed by the expansion of irrigated areas and increased evapotranspiration translate to significant decreases in the predicted runoff in Eastern China and India.
Global discharge
The changes in the climate drivers alone -increased evapotranspiration due to irrigation, and the changes in groundwater storage and reservoir operation translate to changes in the predicted terrestrial discharge into the oceans and to endorheic basin receiving waters (e.g. Aral and Caspian Seas). Based on the basin characteristics given in the STN river network (Sect. 3.3.1; Fig. 6 ) we calculated time series of flow water entering the oceans and endorheic basins and determined the significance of possible trends in those time series at the 0.05 level.
This section will first discuss the total predicted terrestrial discharge over the last century and then the predicted discharge for individual oceans and from continents reflecting the impact of variations in the climate drivers alone and from changes induced by the expansion of irrigated lands and the operation of reservoirs (Fig. 7) .
The results are compared with earlier estimates by Fekete et al. (2002) that have been derived by combining modeled runoff with observed discharge at 663 river gauging stations and simulated discharge using three additional global precipitation data sets. Annual time series of discharge in major endorheic rivers and major rivers draining into the ocean basins for the last century are shown in Fig. 8 .
Our estimate of the long term mean annual freshwater export from the terrestrial surface of the Earth (taking into account irrigation water abstractions) for the last century is 37 401 km 3 a −1 and is consistent with earlier estimates that range between 35 400 and 39 300 km 3 a −1 (Dai and Trenberth, 2002; Döll et al., 2003; Fekete et al., 2002; Sitch et al., 2003; Vörösmarty et al., 2000c Vörösmarty et al., , 2005 The estimated annual discharge varies considerably between 32 783 and 41 725 km 3 a −1 , a larger range than estimates made by Shiklomanov and Rodda (2003) and shows the highest values during the period 1951 -1975 . The highest value of annual terrestrial discharge (41 725 km 3 a −1 ) is ∼12% higher than the long-term mean annual value. The minimum annual discharge (in 1992) in the last century is 16% lower than the mean annual value and is related to the substantial decrease in global precipitation following the eruption of Mt. Pinatubo in June 1991 . Over the entire simulation period, the global total runoff increases slightly (11 km 3 a −1 under natural conditions and 6 km 3 a −1 when the effects of water abstractions for irrigation are taken into account) but both trends are not significant. The flow alteration imposed by the construction of reservoirs over the last century gradually decreased the variability of the estimated discharge expressed by the coefficient of variation (CV) of monthly discharge values and is discussed in more detail in Sect. 5.5.
The increased evapotranspiration over irrigated areas leads to a reduction of terrestrial runoff that is partly offset by the additional water abstracted from groundwater systems that are not connected to the hydrological cycle (Sect. 5.1.1). Combined, this additional water and increased evapotranspiration leads to a gradual reduction of global discharge ranging from 0.6% at the beginning of the last century to around 2% in 2000.
Variations in precipitation input translate to changes in the long-term mean terrestrial discharge between −11% (using GPCCmon data) and +2% using GPCP1dd data (Table 2 and Fig. 7) .
Despite being insignificant for the total discharge entering the oceans, the hydrologic alterations imposed by the construction of reservoirs and the expansion of irrigated areas may have dramatic effects at the regional scale and thus impact the flow to the oceans or endorheic receiving waters. Table 3 summarizes the characteristics of basins draining into the oceans and irrigated areas and an overview of the basins and the receiving oceans is given in Fig. 6 .
Land/endorheic basins
Major internally draining basins include the Central Asian Drainage basin, the Caspian Sea, the Aral Sea, and major endorheic lakes in Africa. Around 1.45% of the area in those basins is equipped for irrigation and the installed reservoir capacity, expressed as the mean residence time (reservoir capacity over mean annual discharge) is 0.29 (under contemporary conditions).
The estimated annual discharge from those basins shows considerable variations (between 774 km 3 a −1 and 1650 km 3 a −1 under disturbed conditions) and is 1037 km 3 a −1 on average (Table 2) . Discharge in endorheic basins is slightly declining over the entire period, most notably in the last 25 years in of the last century. Over the last century, the trend is negative (but insignificant), −0.2 km 3 a −1 under natural conditions and −0.5 km 3 a −1 taking into account the effects of irrigation water withdrawal.
The construction of reservoirs has lead to a considerable decrease of the variability of monthly flows, most drastically in the period 1975-2000, where the coefficient of variation (CV) for monthly discharge has increased from 0.52 to 0.37 (Table 2 ). Figure 8 shows the modeled time series for the Okavango river with high flows during the 1970's that was followed by a series of dry years in the mid 1980's. Additional model results using different precipitation data sets indicate the uncertainties in the discharge to the oceans as a result of uncertainties in precipitation data sets GPCP 1dd (red), VASClimO (blue) GPCC mon(green) under natural conditions.
Receiving Ocean
Ocean receiving waters
Mediterranean/Black Sea
The basins draining into the Mediterranean and Black Sea are among the most heavily influenced with regard to the effects of irrigation and reservoirs (Table 3) . The discharge to the Black Sea is dominated by the Danube (50%), the Dnepr (15%) and the Don (9%).
The discharge to the Mediterranean is dominated by the flow of the river Nile contributing more than 53% to the total inflow. Other important rivers include the Po (9%) and the Rhone river (7%). Similar to endorheic basins, basins draining into the Mediterranean are experiencing a decline in discharge in the last 25 years of the last century. Over the last century, the trend in discharge under natural conditions is −1.2 km 3 a −1 (significant) and under disturbed conditions −1.4 km 3 a −1 (insignificant). It is important to note, that our modeled discharge under disturbed conditions can be higher than the estimated discharge under natural conditions in very dry years, for example in 1984 and 2000 (Fig. 7) .
This can largely be explained with the irrigation in grid cells along the Nile river and in the Nile delta that do not fall in the same grid cell as the river and therefore cannot be supplied by river discharge. As the local runoff in these regions is close to zero, water is primarily supplied from fossil groundwater sources and the return flow from irrigated areas eventually increases runoff (Abderrahman, 2005; AlWeshah, 2000; Wheida and Verhoeven, 2006) .
Atlantic Ocean
About 30% of the terrestrial flow to the Atlantic Ocean is coming from the Amazon river. Other important rivers include the Zaire (9%), Mississippi (4%), and Parana (4%).
Given the large volume of discharge entering the Atlantic Ocean, the effect of human interventions on the discharge volume is negligible small; over the last century, the combined effect of increased evapotranspiration and water withdrawal from non-renewable sources reduces the annual discharge into the Atlantic Ocean by 33 km 3 a −1 (0.2%). The annual flow of the Amazon river shows considerable variations but is not affected by irrigation water abstractions (Fig. 8) .
Over the last century, discharge into the Atlantic Oceans shows an upward (but insignificant) trend of 5.4 km 3 a −1 and 5.8 km 3 a −1 under natural conditions and disturbed conditions, respectively.
Indian Ocean
The most important rivers draining into the Indian Ocean are the Ganges (with a flow equivalent to 23% of the total), the Irrawaddy (12%), and the Zambezi (6%). Our estimate of the long-term mean annual discharge entering the Indian Ocean is 4983 km 3 a −1 with significant reductions imposed by the expansion of irrigated areas and increased evapotranspiration in basins draining into the Indian Ocean. With 4% of the drainage area being under irrigation, irrigation water abstraction reduces the total flow to the Indian Ocean by almost 5% averaged over the last century with a reduction reaching the highest values (∼7%) in the last 25 years of the 20th century. Under both disturbed and natural conditions, the time series show decreasing but insignificant trends (−0.14 km 3 a −1 and −2.0 km 3 a −1 ). Figure 8 illustrates the gradual reduction of discharge under natural and disturbed conditions over the last century for the Ganges river.
Pacific Ocean
Important rivers draining to the Pacific Ocean include the Chang Jiang (9%), the Mekong (4%) and the Amur (3%). Although areas under irrigation represent ∼4% of the drainage area (Table 3) , increased evapotranspiration translates only to a reduction of 341 km 3 a −1 representing 2.3% of the discharge under natural conditions (averaged over the entire simulation period). With the expansion of irrigated areas, the reduction of flow gradually increases, with a steep increase in the last half of the last century. The long-term discharge under disturbed conditions (9626 km 3 a −1 ) varies considerably over the last century. As with discharge into the Atlantic, discharge was highest in the 1951-1975 period (∼5% higher than averaged over the 20th century). Over the entire simulation period, discharge under natural and disturbed conditions increases by 2.7 km 3 a −1 and 0.5 km 3 a −1 , respectively, both trends being insignificant. Flow reductions in the Chang Jiang river basin are depicted in Fig. 8 .
Arctic Ocean
Flow into the Arctic Ocean is dominated by the Yenisei (17%), Ob (13%), Lena (10%), Mackenzie (7%), and Dvina (4%) rivers contributing to more than half of the total flow. Owing to the large volumes of spring discharge that is dominated by snow melt compared to summer flows, the variability of streamflow entering the Arctic Ocean is higher than for any other ocean (CV for monthly values under natural conditions is around 1.0). Reservoirs are responsible for a substantial change in the seasonality of streamflow in Arctic river basins (Adam et al., 2007) , and the construction of reservoirs over the last century has gradually led to a slight reduction of the variability of modeled discharge entering the Arctic Ocean (Table 2 ). It is noteworthy that our estimate of the long-term mean annual discharge into the Arctic Ocean (2282 km 3 a −1 ) is around 30% lower than the 3268 km 3 a −1 estimated from gauge corrected runoff fields (Fekete et al., 2002) and the 3200 km 3 a −1 estimated based on contemporary discharge records (Serreze et al., 2006) . The discrepancy can largely be attributed the huge uncertainties in Arctic hydroclimatological data arising from the sparse network of Arctic climate stations (see Sect. 5.3.3) .
Also, as WBM plus neglects glaciers and permafrost, these processes could partly explain the differences between modeled and observed values.
Over the last century, we find that discharge into the Arctic Ocean shows a significant positive trend of 4.2 km 3 a −1 . This trend is consistent with the annual rate of increase of 2.0+/−2.7 km 3 a −1 that has been estimated from observed discharge from the six Eurasian Arctic rivers from 1936 -1999 (Peterson et al., 2002 and upward trend of 8.2 km 3 a −1 for the period 1949-2004 that has been found by Dai et al. (2009) from a new dataset of observed streamflow where missing data were filled by results from simulations of a land surface model.
Uncertainties in discharge to oceans
As discussed earlier, large uncertainties are associated with the predicted discharge entering the oceans. These uncertainties can mostly be attributed to uncertainties in the gridded fields of precipitation and gauge under catch, due to the vicinity of gauge locations to highly populated places (Rawlins et al., 2006) and the non-representativeness of those gauges of complex topographic features (Adam et al., 2006) .
The range in predicted discharge entering the Arctic ocean therefore varies considerably; compared to CRU based prediction, GPCP1dd discharge is 72% higher whereas VASClimO data results in discharge that is 12% lower than the long-term CRU based discharge ( Fig. 7 and Table 2 ). For endorheic basins, the GPCP1dd predictions are 30% lower, whereas GPCPmon predictions are 17% lower than those based on CRU. For other ocean basins, the differences are less pronounced and are less than 20%.
Model results for selected river basins
This section is aimed at discussing the simulated discharge at selected river basins and exemplifying the impact of irrigation water management and reservoir operation on simulated monthly hydrographs. Figure 9 shows time series of monthly values (aggregated from daily predictions) of observed and modeled time series under natural and disturbed conditions for selected gauging stations representing a wide range of catchment sizes, water management practices and climatic conditions. Syr Darya and Amu Darya, feeding the Aral Sea in Central Asia are among the most prominent examples of heavily impacted river basins. The two basins have undergone significant distortions of their hydrographs due to the expansion of irrigated areas and the construction of reservoirs in the 1960's and 1970's. The abstraction of water for irrigation purposes has lead to the shrinking of the Aral Sea to about half its size and to a reduction of about 90% of its volume (Micklin, 2007) .
Two reservoirs were constructed upstream of the station at Kal at the Syr Darya river in the tributaries Naryan river and Kara Narya River in 1978 and 1980 with a combined storage capacity of 21.75 km 3 . As a result, the hydrograph shows a significant decrease in the variability. The coefficient of variation (CV) for modeled monthly values of discharge for the pre-management period (1950) (1951) (1952) (1953) (1954) (1955) (1956) (1957) (1958) (1959) (1960) (1961) (1962) (1963) (1964) (1965) (1966) (1967) (1968) (1969) decreased from 1.2 to 0.52 for the period 1980-1999, and is closer to the CV of observed values (0.44) for the same period.
Similarly, irrigation water use reduces the estimated flow in the Amu Darya at Kerki by 14% and the operation of reservoirs lead to an increase in low flows whereas flows during the wet season are greatly reduced. It is important to note that discharge in the Syr Darya if overpredicted for both natural and disturbed conditions. One of the reasons is a significant loss of water (through evaporation and seepage) in both rivers during their passage through the desert) that is currently not considered in the model. Nezlin et al. (2004) estimated that these losses amount to 30% of the flow.
The Sebou river, one of the largest rivers in Morocco is heavily influenced by the development of irrigation with natural vegetation covering only 25% of the total catchment area of 40 000 km 2 (Snoussi, 2002) . The construction of the Idriss 1er dam on the Inaouene tributary in 1973 (V=1270 km 3 ) has lead to a remarkable decrease in the variability of the observed flow and a reduction of the total flow of about 55% (Snoussi et al., 2002) . While the model simulations under natural conditions for the gauging station at Azib Soltane capture the observed hydrograph reasonably well, the natural simulations after the construction of the reservoir grossly overestimate the variability and volume of the flow, indicating that the operation of reservoirs need to be taken into account to adequately represent the anthropogenic changes in macroscale hydrological models.
Despite a large storage capacity of reservoirs upstream of the gauging station at Mukdahan (8.46 km 3 ), the seasonality of the flow of the Mekong river is not significantly affected by the operation of reservoirs (Haddeland et al., 2006a) . The consumptive use for the total area is 8.2 km 3 a −1 and represents a 4% decrease in streamflow, comparable to the previous estimates of water withdrawal for the entire basin of 13 km 3 a −1 (Haddeland et al., 2006a) .
Being one of the most heavily regulated river basins in North America with a combined storage capacity of 76 km 3 in the area upstream of the gauging station "The Dalles", reservoir operation and irrigation depletion have greatly affected the river flow of the Columbia River. The variability of monthly modeled discharge decreased from 0.82 for the first half of the century to 0.46 for the period after 1950 (compared to observed values of 0.70 and 0.43). Water abstraction for irrigation has lowered the flow volume by 2.5% on average during the same period.
The flow volume of the North Saskatchewan near "Deer Creek" is unaffected by irrigation water use but significantly altered by the construction of two reservoirs with a combined capacity of 2.5 km 3 . Variability of monthly flows decreased from around 1.0 in the period before 1970 to 0.52 for period after 1970 and captures the variability of observed streamflow (0.56) during the same period reasonably well despite differences in the modeled flow volume. Vörösmarty et al. (1997) introduced the concept of river water aging, related to residency time change of river flow through artificial impoundments, to illustrate the impact of the construction of reservoirs on simulated discharge over the last century. It must not be confused with the true "age" of water molecules that can be determined, for example, using tracer hydrological methods.
River water aging
We apply here this concept and compute the mean water age of water entering the oceans and endorheic basins under natural and disturbed conditions. The aging of water in its passage to the oceans reflects disturbance in the natural water cycle and determines a number of direct and indirect changes in the physical, biogeochemical, and geomorphological processes, such as hydrograph distortion, re-aeration capacity, sediment trapping efficiency (Vörösmarty and Sahagian, 2000) .
Building on earlier work by Vörösmarty et al. (1997) and using the river bed parameterization described in equations described in Sect. 
where u is a utilization factor that relates mean modeled annual storage in each reservoir to the reservoir capacity and V riv is the storage volume in the river, computed as V riv =Y m W m (Eqs. 14 and 15). The computed age varies with the modeled annual discharge and the estimated reservoir storage based on the reservoir operation described in Sect. 2.5.1. Our estimate of the discharge weighted apparent water age globally is 19 days and is consistent with earlier estimates (Covich, 1993; Vörösmarty et al., 2000b Vörösmarty et al., , 1997 . The discharge weighted age of water entering the oceans varies considerably between 8 days for basins entering the Pacific Ocean and 39 days for the Mediterranean basins (Table 4) . The additional water age imposed by the construction of impoundments in the last century has increased the mean water age by 42 days, with the largest increases in τ m observed in endorheic basins, basins draining to the Mediterranean and basins draining into the Pacific Ocean. The differences in the apparent aging under natural and disturbed conditions are depicted in Fig. 10 .
The apparent additional aging τ m shows the most significant increase during the period 1950-1980 when the construction of large reservoirs has reached its peak and flattens out after the 1980's (Fig. 11) .
Assuming that the release from the reservoir is equal to the long-term mean annual flow (see Sect. 2.5.1) did not significantly impact these estimates; the global mean water age under disturbed conditions increased to 64 days and the increases for individual oceans in the apparent additional aging τ m was less than 10%. These changes have a number of direct and indirect effects on the temporal distribution of discharge, biogeochemical processes in the river and geomorphologic process. For example, the construction of reservoirs has been shown to result in significant losses in sediments in the coastal zone (Vörösmarty et al., 2007 and thereby influences the effective sea level rise in a number of highly populated deltas, including the Nile, Ebro, Volta, and Niger (Vörösmarty et al., 2007) .
Summary and conclusions
Using a water balance and transport model with time series of climate drivers we have reconstructed the hydrography of terrestrial discharge for the last century, explicitly accounting for the effects of human interventions in the hydrological cycle. To separate the effects of human engineering and the climate drivers alone, model simulations were performed for disturbed and natural conditions. The good agreement between observed and predicted discharge at a large number of gauging stations globally (Fig. 1) indicates that the model simulations, forced with time-varying geospatial data sets of irrigated areas and reservoirs reproduces the variations in components of the hydrological cycle caused by the climate drivers and the anthropogenic changes reasonably well. The approach can therefore potentially be used to help understanding the role of human interventions in continental and global water cycles for near-real time predictions and future scenarios of those drivers. The results for individual river basins suggest a reduction of flow as a result of the expansion of irrigation and changes in the seasonality of flow imposed by the operation of reservoirs. These results are in general agreement with previous observations (Bouwer et al., 2006; Haddeland et al., 2006b) and highlight the need to account for human interventions in the water cycle in macroscale hydrological models. The changes in the hydrological cycle in river basins with a large fraction of the basin area under irrigation have been shown to be governed by the impact of human engineering rather than changes in the climate signal. Despite dramatic impacts in individual river basins, the annual discharge entering the oceans is governed by variations in the climate forcings over the last century and is not significantly altered by water abstractions for irrigation (Dai et al., 2009; Milliman et al., 2008) .
Under natural conditions, we find significant decreasing trends (−1.2 km 3 a −1 ) of the flows entering the Mediterranean and Black Sea and significantly increasing discharge (4.2 km 3 a −1 ) to the Arctic Ocean.
With the exception of the Arctic Ocean, we do not find significant increasing trends in modeled time series of accumulated streamflow entering the major ocean basins and endorheic receiving waters over the last century, consistent with previous reports (Dai et al., 2009; Milliman et al., 2008) and contradicting the notion of increasing global runoff as a result of global warming (Labat et al., 2004) .
The construction of large reservoirs over the last century has gradually and significantly altered the seasonality of streamflow and the dynamics of horizontal water transport in the network of rivers. Using the water aging concept as an indicator to describe the impact of reservoirs on the horizontal transport we found a 300% increase of the apparent water age that, in turn, impacts a number of biogeochechemical, geomorphological, and physical processes.
Our estimates of components of the hydrological cycle under natural and disturbed conditions are constrained by a number of uncertainties in the input data as well as uncertainties related to the model itself.
We also recognize the difficulties in separating the effects of changes in the hydrological cycle caused by natural and anthropogenic factors using the simple method presented here because of the interrelated links among climate, atmosphere, soil, and vegetation dynamics (Piao et al., 2007) . For example, it is possible that irrigated areas deliver an additional amount of precipitation (Moore and Rojstaczer, 2001 ) so that the observed rainfall already contains an anthropogenic signal.
With regard to the distortion of hydrographs due to the operation of reservoirs, our results are constrained by the incomplete global repository of registered reservoirs (Vörösmarty and Sahagian, 2000) . Although the dataset of large reservoirs represents an estimated 67% of the total storage volume of impoundments formed by dams over 15 m, river flow is significantly impacted by the operation of smaller reservoirs that are not accounted for in our model but collectively have a significant impact on river flow and sediment retention . Presumably, such uncertainties will gradually be reduced with the development of more accurate, consistent and comprehensive global inventories of dams and reservoirs in combination with high resolution global river networks that are only emerging (Lehner et al., 2008) . With regard to the estimated fraction of the water supplied from non-renewable sources, uncertainties arise from an inadequate representation of large groundwater systems and the lack of a global repository of inter-basin water transfers. Uncertainties in the distribution of irrigated areas are related to the area that is actually irrigated in given year (as opposed to the area equipped for irrigation that is reported in the Global Map of Irrigated areas). Globally, this area is estimated to represent 72% of the area equipped for irrigation (Siebert and Döll, 2007) . However, these area estimates are much lower than estimates based on remotely sensed data. For example, a recently prepared new data set of global irrigated areas (Thenkabail et al., 2006) exceeds previous estimates by 40% (Wisser et al., 2008) . The implications of differences in the estimates of irrigated areas can be quite dramatic; globally, the estimated irrigation water demand can vary by ∼30% but variations for individual countries are larger.
The significance of uncertainties in precipitation on a global-scale water balance context has been previously shown (Biemans et al., 2009; Fekete et al., 2004) . As could be shown, the uncertainties in the precipitation datasets typically translate to higher relative errors in runoff in semiarid regions and the use of different precipitation data sets may therefore lead to different spatial and temporal trends in the hydrological variables. These uncertainties are typically ignored in calibration strategies for macro scale hydrological models and can possibly lead to wrong parameter estimates and calibration results (Biemans et al., 2009) . As shown here, the uncertainty related to precipitation exceeds the uncertainty related to model parameters.
Future versions of the modeling approach will minimize some of the uncertainties related to data sets by using different physical data sets of climate drivers (temperature, precipitation) and data related to human interventions (irrigated areas, reservoirs) as they become available.
